PDZ domains constitute one of the largest families of interaction domains and function by binding the C termini of their target proteins 1,2 . Using Bayesian estimation, we constructed a three-dimensional extension of a positionspecific scoring matrix that predicts to which peptides a PDZ domain will bind, given the primary sequences of the PDZ domain and the peptides. The model, which was trained using interaction data from 82 PDZ domains and 93 peptides encoded in the mouse genome 3 , successfully predicts interactions involving other mouse PDZ domains, as well as PDZ domains from Drosophila melanogaster and, to a lesser extent, PDZ domains from Caenorhabditis elegans. The model also predicts the differential effects of point mutations in peptide ligands on their PDZ domain-binding affinities. Overall, we show that our approach captures, in a single model, the binding selectivity of the PDZ domain family.
PDZ domains constitute one of the largest families of interaction domains and function by binding the C termini of their target proteins 1, 2 . Using Bayesian estimation, we constructed a three-dimensional extension of a positionspecific scoring matrix that predicts to which peptides a PDZ domain will bind, given the primary sequences of the PDZ domain and the peptides. The model, which was trained using interaction data from 82 PDZ domains and 93 peptides encoded in the mouse genome 3 , successfully predicts interactions involving other mouse PDZ domains, as well as PDZ domains from Drosophila melanogaster and, to a lesser extent, PDZ domains from Caenorhabditis elegans. The model also predicts the differential effects of point mutations in peptide ligands on their PDZ domain-binding affinities. Overall, we show that our approach captures, in a single model, the binding selectivity of the PDZ domain family.
Most efforts to define the binding selectivity of an interaction domain report either a consensus sequence for the domain's peptide ligands [4] [5] [6] or a position-specific scoring matrix that captures the domain's binding preferences [7] [8] [9] . Although these approaches are clearly useful, they are based on experimental data that are specific to the domain being studied and so are silent with respect to other members of the domain family. A truly general model-one that could be used to predict interactions involving PDZ domains for which no data are available-would take into account the sequence not only of the peptide, but also of the PDZ domain. We reasoned that, if the amino acid identity at specific positions in the PDZ domain's threedimensional structure determines that domain's preferences for amino acids at specific positions in the peptide ligand, it might be possible to capture this information for the entire PDZ domain family in a single model by integrating sequence information, structural information and protein interaction data (Fig. 1a) .
We began by constructing a multiple sequence alignment 10, 11 of mouse PDZ domains from their primary sequences and from available structures deposited in the Research Collaboratory for Structural Bioinformatics Protein Data Bank (PDB) (http://www.rcsb.org/pdb) (Supplementary Table 1 online) . We constrained the model to focus only on position pairs that are in close proximity (o5.0 Å ), using the structure of a1-syntrophin PDZ (a1synPDZ) complexed with the heptapeptide GVKESLV as a reference structure 12 . We excluded any residue position in the PDZ domain that was not perfectly aligned (that is, there is a gap in the alignment at that position). A total of 38 position pairs were identified ( Fig. 1b and Supplementary Fig. 1 online), involving 16 PDZ domain binding-pocket residues, numbered 1 through 16 ( Fig. 1c) , and 5 peptide ligand residues, numbered -4 through 0 (C terminus).
Next, we formulated an additive model comprising 38 scoring matrices, one for each position pair. Each 20 Â 20 matrix comprises scores for pairs of amino acid residues: one residue on the PDZ domain and the other on the peptide. A PDZ domain is predicted to bind a peptide with
where c is a binding score, a x is the amino acid at position x of the domain, b y is the amino acid at position y of the peptide ligand, y xy is the scoring matrix for position pair (x, y), O is the set of position pairs included in the model and t is a scoring threshold. We did not consider higher-order interactions between residues (that is, how the interaction between two residues is affected by a third). Calculating higher-order interactions requires a much larger data set owing to an exponential expansion in model complexity. The choice of 100 mM as the threshold for an interaction was based on our earlier observation that the affinities of PDZ domain-peptide interactions have a unimodal distribution that is bounded by B100 mM ( Supplementary Fig. 2a online) 3 . Very few interactions are that weak, however: B90% of interactions have a K D o 50 mM and B60% have a K D o 20 mM. To fit the model, we relied on a quantitative interaction data set that we recently reported involving PDZ domains and peptides derived from mouse 3 . The data were obtained by screening protein microarrays comprising 157 mouse PDZ domains with 217 fluorescently labeled peptides, and then retesting and quantifying every array positive, as well as many array negatives, using fluorescence polarization. In total, 85 PDZ domains bound one or more peptides. Three domains were removed from the data set because their binding pockets did not align well with those of the other domains. This left560 interactions and 1,167 noninteractions confirmed by fluorescence polarization, involving 82 mouse PDZ domains and 93 peptides, to train the model (Supplementary Table 2 online). Because the number of model parameters (15, 200) greatly exceeds the number of data points (1, 727) , the model is highly underdetermined. We chose to circumvent this problem by adopting a Bayesian approach 13 . We assumed the prior distribution for parameter values in equation (1) to be Gaussian with zero means and then fit the model parameters interdependently using a backfitting algorithm. This approach identified the posterior mode of parameter values and is referred to as 'maximum a posteriori' 14 .
The model was fit in two ways: using affinities and using binary data. We found empirically that the model trained with binary data performed better when predicting novel interactions, whereas the model trained with affinities performed better when predicting the effect of amino acid substitutions on the free energy of binding. The parameters for both models are provided in Supplementary Table 3 online.
There is substantial goodness-of-fit between the models and the training-set data (Supplementary Fig. 3 online) . Additionally, when we examine a slice of the model highlighting the parameters for x ¼ 13 (position aB1 on the PDZ domain) and y ¼ -2 (position -2 on the peptide), the model captures a wellestablished selectivity rule 2 . If position aB1 is histidine, PDZ domains prefer serine or threonine at position -2 of the peptide, whereas if aB1 is tyrosine, PDZ domains prefer aspartate at position -2 (Fig. 1d) . The values for y vary substantially from one position pair to the next, indicating that there are no general rules for residue-residue interactions. Previously, a set of 'unified statistical potentials' was calculated for residue-residue interactions, P unified ða; bÞ, by examining the frequencies of pairs of contact residues in the interfaces of protein homo-and heterodimers in the PDB (Fig. 2a) 15 . We did not find any correlation between P unified ða; bÞ and y at any position pair ( Unified residue pair potential, P unified (a,b)
Unified residue pair potential, P unified (a,b) Figure 2 Comparing unified residue pair potentials with our model parameters. (a) Unified residue pair potentials, P unified ða;bÞ, for protein-protein interactions. These statistical potentials were previously reported based on 340 dimer structures in the PDB 15 . Note: for these potentials, negative values correspond to favorable interactions. (b) Lack of correlation between P unified ða;bÞ and the parameter values of our model, y xy ða x ;b y Þ.
example, whereas interactions between hydrophobic residues dominate flat protein-protein interfaces (Fig. 2a) , this trend is not uniformly observed in the PDZ domain-peptide position pairs.
To assess the predictive power of our model, we used four validation methods: (i) cross-validation tests, (ii) identification of peptide ligands for previously uncharacterized mouse PDZ domains, (iii) prediction of the effect of amino acid substitutions on binding affinity and (iv) extrapolation to PDZ domains derived from other species.
First, we performed a series of cross-validation tests, evaluating the ability of the model to extrapolate to other PDZ domains (randomly assigning 12% of the domains as the test set), other peptides (using 8% of the peptides as the test set) or both. Receiver operating characteristic (ROC), a common, unbiased measure of prediction accuracy 16 , was used to summarize the results of our tests. In all three cases, the ROC curves indicated significant predictive power (P o 0.025; bootstrap test) (Fig. 3a) . Areas under the curves were 0.84 (95% C.I.: 0.76B0.89), 0.91 (0.84B0.96) and 0.87 (0.67B0.98) for extrapolations to novel mouse peptides, novel mouse PDZ domains or both. As a point of reference, if we use the unified statistical potentials 15 (by setting y xy (a x , b y ) to -P unified ða; bÞ for every position pair), our model is unable to predict PDZ domain-peptide interactions (Fig. 3a) . This indicates that there is a set of molecular recognition rules for PDZ domains based on residue-residue interactions, but that these rules are context-dependent. It remains to be seen if the same is true of other domain families as well.
We next asked if the model could be used to facilitate the identification of interactions that had previously eluded experimental discovery. In our previous protein microarray screen, 72 mouse PDZ domains did not show any interactions with the 217 tested peptides 3 . This represents 15,624 possible interactions that were all negative according to the microarrays. This number of interactions is difficult to study experimentally but is well suited to large-scale prediction, coupled with small-scale experimentation. We used our model to query these 72 'orphan' PDZ domains and predicted 126 interactions involving 21 domains ( Supplementary Fig. 4a and Supplementary Table 4 online) and 42 peptides (Supplementary Table 5 online). When we tested these predicted interactions by fluorescence polarization, we found that 52 of them were, in fact, positive (Supplementary Table 6 online). These newly discovered interactions had a K D distribution that was very similar to the distribution in our training set ( Supplementary Fig. 2b) . Indeed, 81% of the newly identified interactions had a K D o 50 mM and 42% had a K D o 20 mM. None of the 'de-orphaned' PDZ domains shares 433% sequence identity with any of the training-set domains. Thus, even in light of experimental evidence to the contrary, the model successfully highlighted interactions involving domains it had never seen before.
As a third test, we asked if the model could predict changes in binding affinity upon introducing point mutations into three peptide ligands of a1synPDZ, derived from the voltage-gated potassium channel Kv1.5 (CLDTSRETDL), the voltage-gated sodium channel Nav1.5 (SPDRDRESIV) and kinesin family member 1B (KIF1B) (NLKAGRETTV). These ligands were chosen because they represent three of the highest-affinity peptides in our data set. Five peptide variants were synthesized for each ligand, each variant bearing a single amino acid substitution at a different position. The affinities of a1synPDZ for these mutant peptides were measured by fluorescence polarization and compared with the affinities of the wild-type peptides (Supplementary Table 7 online). One variant peptide (NLKA-GREYTV), which was associated with a large negative Dc (-1.36), showed no measurable binding. For the other 14 peptides, we observed a statistically significant negative correlation (r ¼ -0.79; 95% C.I.: -0.97B-0.45 based on bootstrapping) between DDG and Dc (Fig. 3b) . Although this observation is based on a relatively small number of mutant peptides, it nevertheless suggests that the model captures some aspects of binding affinity.
As the fourth and most stringent test, we asked if our model could provide predictions for PDZ domains derived from other organisms. To do this, we constructed a structurally informed multiple sequence alignment of PDZ domains from Mus musculus, D. melanogaster and C. elegans. We then extracted all the C-terminal sequences from the proteomes of D. melanogaster and C. elegans (data sets 'BDGP4.3' and 'WS180' in the 'Ensembl 48' database; http://www.ensembl.org/) and used the model to predict PDZ domain-peptide interactions in these two species. To test our predictions, we cloned, expressed and purified seven PDZ domains from D. melanogaster ( Supplementary Fig. 4b and Supplementary Table 8 online) and seven PDZ domains from C. elegans ( Supplementary Fig. 4c and Supplementary Table 9 online). We also synthesized 20 peptides derived from D. melanogaster proteins (Supplementary Table 10 online) and 22 from C. elegans (Supplementary Table 11 online). We then tested all intraspecies interactions by fluorescence polarization (Supplementary Tables 12 and 13 online). Although these fly and worm domains share, on average, o50% sequence identity with their closest mouse homolog in our training set, the model was able to predict which peptides they would recognize, albeit with reduced accuracy relative to mouse PDZ domains (Fig. 3c) . The area under the ROC curve was 0.77 for D. melanogaster domains and 0.68 for C. elegans domains. Thus, it appears that the model is general for the PDZ domain fold, but its performance decreases for domains derived from more distantly related species.
These validation experiments show that our model, which incorporates 38 position pairs chosen solely on the basis of proximity and alignment, contains predictive information. Are all position pairs equally important, or are some more important than others? We reasoned that, if a position pair plays an important role in predicting peptide-binding selectivity, we should observe a large spread of its model parameter values. Conversely, if a position pair does not contribute substantially, the spread should be small. We therefore defined the selectivity importance score, W xy , of position pair (x, y) as the s.d. of y xy (a x , b y ) values, taking into account the frequency of each pair of amino acid residues in the training-set data. Because position 3 of the PDZ domain is highly conserved, we excluded this position from our calculations. Interestingly, we found that the topscoring position pair was (13,-2), which corresponds to the well-noted interaction between position aB1 on the PDZ domain and position -2 on the peptide (Fig. 4a) 2 . The broader view that emerges from our unbiased study, however, is that several positions on the PDZ domain combine to recognize a single position on the peptide, and a single position on the PDZ domain contributes to the recognition of more than one position on the peptide. Moreover, when we mapped the most predictive position pairs onto the PDZ domain structure (Fig. 4b) , we found that they were distributed throughout the binding pocket.
In summary, we developed a statistical model that predicts PDZ domain-peptide interactions with reasonable accuracy based on primary sequences. The model can be used to scan whole genomes for interactions with a PDZ domain of interest. Predicted interactions can then be tested experimentally and the inevitable false-positives discarded. We have previously shown that 480% of biologically relevant, PDZ domain-mediated interactions can be detected by studying PDZ domain-peptide interactions in vitro 17 . It remains to be determined what fraction of newly discovered in vitro interactions will prove to be biologically relevant. A tutorial providing step-by-step instructions on how to implement the model is provided in the Supplementary Tutorial online and it is our hope that this model will prove useful to the biological community.
METHODS
Cloning, expression and purification of PDZ domains. PDZ domains were cloned by topoisomerase I-mediated directional cloning (Invitrogen) as previously described 17 . D. melanogaster PDZ domains were subcloned from cDNAs acquired from the Drosophila Genomics Resource Center or cloned directly from cDNA (Stratagene). C. elegans PDZ domains were cloned from cDNA (Invitrogen). Recombinant domains were purified from Escherichia coli as previously described 17 . Proteins were produced with N-terminal thioredoxin and His 6 tags and purified in a single step by immobilized metal affinity chromatography. All proteins used in this study were found to be predominantly monomeric as judged by analytical gel filtration.
Peptide synthesis. Peptides were synthesized on the solid phase using standard Fmoc chemistry as previously described 17 . All peptides were labeled on their amino terminus with 5(6)-carboxytetramethylrhodamine, purified by reversedphase high performance liquid chromatography and verified by matrix-assisted laser desorption/ionization time-of-flight mass spectrometry.
Fluorescence polarization. Fluorescent peptides were incubated with PDZ domains for 1 h at 25 1C in assay buffer (20 mM NaH 2 PO 4 /Na 2 HPO 4 , 100 mM KCl, pH 7.4 supplemented with 0.02% bovine serum albumin (wt/vol), 0.04% NaN 3 , and 1 mM DTT). Peptides were kept at a fixed concentration (20 nM) and the concentration of the PDZ domains was varied from 20 mM down to 10 nM (twofold serial dilution). Fluorescence polarization was measured in 384-well microtiter plates using an Analyst AD fluorescence plate reader (Molecular Devices), with excitation at 525 nm and emission at 590 nm. Equilibrium dissociation constants (K D s) were calculated from these data as previously described 17 .
Development of the computational model. To fit equation (1), we first compiled a list of fluorescence polarization-confirmed interactions and noninteractions. Because PDZ domains only bind hydrophobic C termini, only peptides that end in hydrophobic amino acids were included in the list. Let M be the number of unique PDZ domains and let M 0 be the number of unique peptides. The list comprised the following: (P 1 ,Q 1 ,o 1 ), (P 2 ,Q 2 ,o 2 ), y, (P N ,Q N ,o N ), where P i is the PDZ domain sequence, Q i is the peptide sequence, and o i indicates whether or not the PDZ domain binds to the peptide. For the binary model, we set o i ¼ 1 for interactions with K D o 100 mM and o i ¼ -1 for noninteractions. For the model based on binding affinities, we set o i to À 1 Z logðK Di = maxðK D ÞÞ for interactions and to À1 for noninteractions, where max(K D ) is the largest dissociation constant measured in our training-set data, and Z is the 5th-percentile value of -log(K Di /max(K D )).
Equation (1) was fit to the binding data using the following backfitting algorithm: More detailed protocols are provided in Supplementary Methods.
Note: Supplementary information is available on the Nature Biotechnology website.
